Abstract -A biological survey of the Pilbara biogeographic region was undertaken between 2002 and 2007 to provide a regional perspective on biodiversity patterns as a contribution to nature conservation planning. During this survey, 304 sites were sampled for small ground-dwelling mammals, birds, reptiles, spiders, ants, beetles and scorpions. A further 98 sites were sampled for wetland invertebrates, aquatic macrophytes and fringing riparian vegetation. Data for these two groups of sites were aggregated separately (i.e. terrestrial fauna and wetland biodiversity) and models of turnover in species composition within each data set were developed using generalised dissimilarity modelling (GDM). A wide range of environmental variables was assessed as predictors of compositional turnover -biotic (vegetation cover indices), climate, landform, hydrologic, regolith (soil and geology) and geographic distance. Generally, predictors associated with regolith were the most strongly supported in both the terrestrial fauna and wetland biodiversity models, followed by combined landform/ hydrologic variables, then climate/biotic variables. Geographic distance between sites was retained in the terrestrial fauna model only. The fi nal GDM models explained 46.1% and 58.5% of the deviance in the compositional turnover of terrestrial fauna and wetland biodiversity, respectively. Spatial representation of the coverage of survey sites showed that a large proportion of the core study area was well represented for both terrestrial fauna and wetland biodiversity. However, gaps in the proportional representation of both groups within the 2011 conservation reserve system were evident, particularly in the coastal region of the Pilbara (Roebourne subregion) and the Fortescue River valley (Fortescue subregion). With the addition of proposed reserves (in 2015) within these two subregions, the representation of terrestrial fauna and wetland biodiversity was substantially improved.
INTRODUCTION
Due to its rich mineral reserves, the Pilbara region of Western Australia is of major national economic importance. The region is also known for its visually striking landscapes and it attracts many thousands of visitors every year. Along with its economic and aesthetic values, the immense biodiversity values of the Pilbara are just being fully recognised. Largely in response to mining proposals, there have been numerous localised surveys in the Pilbara. To place these surveys into context, there was a clear need for broad-scale, systematically collected data to provide a regional perspective on nature conservation priorities (McKenzie et al. 2009 ). This fi rst comprehensive biological survey of the Pilbara region was conducted by the Western Australian Department of Parks and Wildlife (formerly Department of Environment and Conservation) between 2002 and 2007 and uncovered a wealth of information on Pilbara biota. The survey was designed to sample a wide range of organisms to provide a spatially explicit biodiversity model for the region as a basis for assessing gaps in the existing conservation reserve system (McKenzie et al. 2009) .
During the survey, 304 sites were sampled for small ground-dwelling mammals, birds, reptiles, ground-dwelling spiders, ants, beetles and scorpions. A further 98 sites, centred on water bodies, were sampled for aquatic invertebrates, aquatic macrophytes (charophytes and vascular plants) and the fringing riparian vegetation. The sites were positioned across the geographical extent of the region in a stratified array to sample the main climatic gradients, geological formations, landforms, river catchments, soils and vegetation types. The survey fi ndings, published as a series of papers in a dedicated Supplement of the Records of the Western Australian Museum, describe the relationship between the region's physical environment and components of its biota (Gibson and McKenzie 2009, McKenzie et al. 2009; Burbidge et al. 2010; Guthrie et al. 2010; Heterick et al. 2010; Pinder et al. 2010; Volschenk et al. 2010; Doughty et al. 2011) . Each of these taxonspecifi c papers related biodiversity survey data to environmental attributes at the site level. Here, we combine the data and develop community-level spatially explicit models of biodiversity patterns by relating the point-based biological data to continuous mapped environmental data using generalised dissimilarity modelling (GDM, Ferrier et al. 2007) .
GDM is a statistical technique for modelling the compositional dissimilarity (i.e. spatial turnover of species composition) between pairs of geographical locations, as a non-linear multivariate function of summed environmental distances and, optionally, geographic distance, between these locations. The compositional dissimilarity between a given pair of locations can be thought of as the proportion of species occurring at one location that do not occur at the other location (averaged across the two locations) -ranging from '1' if the two locations have exactly the same species through to '0' if they have no species in common. GDM effectively weights and transforms the environmental variables such that distances between locations in this transformed multidimensional environmental space now correlate, as closely as possible, with observed biological compositional dissimilarities (see Ferrier et al. 2007) . GDM performs best with comprehensive biological survey data on species presence and absence representatively sampled at sites across the region of interest -the type of data provided by the Pilbara Biodiversity Survey.
Once a GDM has been fi tted to the biological data from the sampled locations, it can be used to predict compositional dissimilarity values for sites lacking biological data, based on their mapped environmental attributes. This predictive capacity of GDM provides a foundation for various subsequent spatial analyses such as an appraisal of the representativeness of conservation reserve networks (Ferrier et al. 2004; Overton et al. 2009; Thomassen et al. 2011) , estimating biodiversity loss (Allnutt et al. 2008) , survey gap analyses (Ferrier 2002; Funk et al. 2005) , conservation prioritisation (Arponen et al. 2008; Thomassen et al. 2010 ) and climate-change impacts (Fitzpatrick et al. 2011; Mackey et al. 2012; Prober et al. 2012) .
Here, we describe the application of GDM to develop models of species compositional turnover for the Pilbara, and the results of applying these models to assess the representativeness of the region's conservation reserve network and gaps in biological survey coverage as a measure of model predictability.
METHODS

Study area
The Pilbara biogeographic region (~179,000 km 2 in area) comprises four geomorphically distinctive subregions: undulating granite and basalt plains including significant areas of basaltic ranges (Chichester subregion), alluvial plains and river frontages (Fortescue Plains subregion), mountainous sedimentary ranges and plateaux dissected by gorges (Hamersley subregion), and alluvial and older colluvial coastal and sub-coastal plains (Roebourne subregion) ( Figure 1 ; see McKenzie et al. 2009 for detailed descriptions). Wetland sampling also extended into the Ashburton and Augustus subregions of the Gascoyne IBRA region so as to include the upper reaches of the Ashburton Catchment (Figure 2 ).
The climate of the Pilbara region is dominated by annual and inter-annual cycles of wetting and drying. January, February and March are the wettest months while September and October are the driest (McKenzie et al. 2009 ). There is considerable variation in rainfall between years due to cyclones that occasionally cross the coast. Rainfall intensity can be high with thunderstorms and cyclones generating high runoff volumes, and fluvial patterns of erosion and deposition are apparent in the landform. Monthly maximum temperatures range from an average of 25.3ºC in July to 37.8ºC in January, and minimum temperatures from an average of 11.8ºC in July to 25.2ºC in January (Leighton 2004) . The Pilbara straddles two bioclimatic regions (Beard 1990 ). The higher rainfall areas inland (Hamersley Plateau) and the relatively cooler areas near the coast have a semi-desert tropical climate. The other bioclimatic region has a desert climate with generally higher temperatures.
Figure 1
Study area and analysis domain used in developing generalised dissimilarity models for terrestrial fauna in the Pilbara biogeographic region showing terrestrial survey sites (black triangles), subregions (dark grey lines), major towns (red circles) and main rivers (blue lines). Surrounding bioregions are labelled: Carnarvon, Gascoyne, Little Sandy Desert, Great Sandy Desert and Dampierland.
Figure 2
Study area and analysis domain used in developing a generalised dissimilarity model for wetland biodiversity in the Pilbara biogeographic region showing aquatic survey sites (black triangles), subregions (dark grey lines), major towns (red circles) and main rivers (blue lines). Surrounding bioregions are labelled: Carnarvon, Gascoyne, Little Sandy Desert, Great Sandy Desert and Dampierland.
The soils of the Pilbara region are generally skeletal and either derived in situ or deposited as colluvium or alluvium; their colours refl ect the underlying parent material (McKenzie et al. 2009 ).
Wetland habitats include pools within otherwise dry river channels, which range from temporary to permanently fi lled, temporary streams, mostly permanent springs and temporary floodplain wetlands (mostly claypans but also some isolated billabongs). The largest of the lentic wetlands is the 100 km long Fortescue Marsh formed by the Goodiarie Hills creating a barrier to fl ow within the Fortescue River Valley (shown in Figure 2 ). This marsh is fresh when episodically fi lled and becomes saline as it dries.
For the GDM analysis, the study domain was extended to include the surrounding areas. It encompassed all terrestrial and wetland survey sites and incorporated environmental gradients across the area. The spatial analysis unit is a 9-second (9sec) geographic grid (~250 m) in GDA94, approximating the size of the site for fi eld survey sampling; ca. 1 ha for most zoological groups (McKenzie et al. 2009 ).
Biological data
The biological data (i.e. species presence/absence) had two distinct components: 1) the 304 terrestrial fauna sites (Figure 1) , and 2) the 98 wetland sites (Figure 2 ). Data on the plant taxa recorded from terrestrial sites during the Pilbara Biodiversity Survey were not available at the time of this analysis.
Terrestrial fauna data
Of the 304 terrestrial sites, 296 were included in the analysis. The other eight were burnt in wildfi res, stripped by fl oods or inundated by storm tides before sampling could be completed. Survey sites were located in habitat examples that were the least disturbed. Data for two sites (DRW01 and DRW02) that fell within the same 9sec grid cell were aggregated, resulting in 295 unique grid cells (Table  1) . The terrestrial fauna data comprised 1324 species belonging to three vertebrate groups (birds, reptiles and mammals) and four invertebrate groups (ants, beetles, scorpions and spiders) ( Table 1) .
Wetland data
The aquatic macrophytes, aquatic invertebrates and riparian flora were sampled at the same water bodies. Thus, to model turnover in species composition, the species lists were aggregated to form a single site by species matrix (summarised in Table 2 ). Three clustered sites were excluded from the analysis because they were geographically isolated (i.e. 100 km east of the Pilbara), leaving 95 sites for the GDM analysis.
Environmental data
Environmental data were compiled according to a general conceptual model of the relationship between species diversity and habitat (Williams et al. 2012) . For terrestrial diversity, the general model assumes responses to both physical and biological components of their environment (e.g. McKenzie et al. 2000b McKenzie et al. , 2004 George et al. 2011; McKenzie and Bullen 2012) . The physical environment can be described by facets of climate, regolith, hydrology and landform and the biological environment by vegetation patterns or indirectly by the physical environmental correlates of vegetation patterns. We collated spatial environmental data for the Pilbara within these broad classes or their proxies (Appendix 1). Geographic distance between sampling localities was included because it may be independently associated with metapopulation range and dispersal processes that isolate populations, or be correlated with unexplained environmental variation. Additional variables (Appendix 1) were assembled to describe wetland environments based on a scientifi c understanding of aquatic systems in the Pilbara region (Pinder et al. 2010) .
Model fi tting and variable selection strategy
The GDM procedure firstly involves the calculation of Sørensen dissimilarity (Sørensen 1948) between pairs of sites to produce a site by site dissimilarity matrix as the response variable. The response variable is then fi tted to the environmental variables (each as a distance matrix) using a generalised linear model as described by Ferrier et al. (2007) . We used the .NET General Dissimilarity Modeller software (Manion 2014) to fi t a GDM to the Pilbara Biodiversity Survey data (functions have now been incorporated into a R-package, Manion et al. 2015) .
The variable selection strategy followed the stage-wise process outlined by Williams et al. (2010a Williams et al. ( , 2012 where different groups of correlated variables are initially tested for redundancy before combining the retained variables from each group and then removing relatively insignifi cant variables using a backward elimination procedure that tests the contribution of each variable. Preliminary models explored the effectiveness of a large number of candidate predictors grouped into climate (20 variables), biotic (4), regolith (32), hydrologic (6) and landform (15) (Appendix 1). The more marginal of the remaining retained predictors were successively removed using a stopping criterion of 0.05% partial deviance explained. This value was determined to be a reasonable trade-off in parsimony between the number of predictors included in the model and cumulative reduction in deviance explained by the model. Each predictor was evaluated using fi ve splines defi ned by their quantile data positions (0, 25, 50, 75 , and 100%) to capture non-linear variation between compositional turnover and each environmental gradient.
Three broad groupings of the 77 candidate variables (biotic/climate, regolith and hydrologic/ landform) were evaluated for their unique and shared statistical contributions to explained deviance using variance partitioning calculations (Borcard et al. 1992; Jones et al. 2013) . Proportional set diagrams were developed using eulerAPE software by Micallef and Rodgers (2014) .
Scaling dissimilarity between plot and spatial resolution
To transform our site-based compositional dissimilarity values so that they were relevant to the 9sec grid cell resolution, we applied the biodiversity scaling method in Mokany et al. (2013) . Briefl y, this approach applies the speciesarea power model (S = c A z ) to scale both species richness and compositional dissimilarity from small sample areas to larger areas. Under this approach, the species richness of a grid cell (S) is predicted from the observed richness of the local sample area (c) and the area of the grid cell relative to the survey area. To scale pair-wise compositional dissimilarity from the point-based surveys to the grid cells they occurred within, we fi rst predict the number of species in common between the two grid cells i and j (S com,ij ) from the observed number of species in common between the two local sample areas (c com,ij ) using the species area power relationship (S com,ij = c com,ij A zcom ). We then calculate the predicted Sørensen's compositional dissimilarity between the two grid cells (β ij = 1 -[2S com,ij / (S i + S j )]) using the predicted species richness of each grid cell (S i , S j ) and the predicted number of species in common between the two grid cells (S com,ij ). We applied a single scaling factor for species richness (z = 0.25) and for the number of species shared between a pair of local sample areas (z com = 0.42), as derived previously (Mokany et al. 2013) . This scaling approach retains the underlying gradients in species richness and compositional dissimilarity observed across the survey plots, but scales the sitebased absolute values so that they better represent those of the larger grid cells being modelled. Table 2 Number of species, sites and records for each dataset included in the wetland biodiversity analysis. The water column assemblages include relatively speciose lists of algae and protozoans (Pinder et al. 2010) . 
Classifi cation of compositional turnover
To v i s u a l i s e t h e s pat i a l st r uc t u r e of compositional turnover, we clustered a sample of 50,000 grid-cells evenly spread in geographic space across the study area, and derived an ag g lomerat ive h iera rc h ic a l c l a s si f icat ion (UPGMA; Sneath and Sokal 1973) of predicted Sørensen dissimilarity (Ferrier et al. 2007) . We used 300 classes (clusters of grid cells) to represent patterns of terrestrial fauna compositional turnover and 100 classes for wetland biodiversity. Each class was coloured based on mult idimensional scaling of predicted similarity, whereby the three primary axes are assigned redgreen-blue values, such that similar colours are predicted to have similar biological composition (Belbin et al. 1983 ).
The spatial analysis domain, which extends beyond the sampled locations, leads to model extrapolation in environmental space and this can infl uence the assignment and colouring of classes. The start and end shapes of the predictor fi tted function and its relative importance in the model infl uence the degree of extrapolation. The GDM software linearly extrapolates the fi tted function based on the last 10% of data at either end, as applicable. The extrapolation index, derived as the absolute sum for each predictor, provides an objective means by which to map these areas. The classifi cation was therefore applied both where the model interpolates and where extrapolation was minimal. The threshold used in each case was determined from the fi rst of a four-class geometric interval histogram containing the majority of grid cells with minor extrapolation.
Assessing gaps in the conservation reserve system
The existing conservation reserve system in the Pilbara study area is managed by the Usi ng ex i st i ng approac hes, we der ived a continuous metric describing the spatial distribution of reserve representativeness for both the terrestrial and wetland systems (Ferrier et al. 2004; Allnut et al. 2008) . The fi tted GDM model predicts the compositional similarity of any 9sec grid cell to any other grid cell in the Pilbara, on a scale ranging from 0 (dissimilar) to 1 (compositionally identical). The compositional similarity (= 1-Sørensen) between each cell and every other cell in the region was calculated. The sum total of all these similarities for each cell provides a baseline scaled area of the habitat similar to each cell. Rare habitats will therefore have a low area contribution, and more widely distributed habitats will have a greater area contribution. This calculation may also be viewed as the scaled total area which could potentially be reserved across the study area. Following the approach used in the assessment of the representativeness of the National Reserve System under climate change (Ferrier et al. 2010) , the total scaled area of habitat similar to each cell in the reserve system was also calculated, i.e. the area of habitat which would be available to each cell class if all non-reserved land were removed. By dividing the scaled area of habitat in reserves by the scaled area of habitat which could be reserved (everywhere) for each cell, a metric describing the fraction of similar habitat reserved can be calculated. This can be directly interpreted as the representativeness of each cell with respect to a given reserve system. This metric was derived for both the current reserve estate and the proposed future estate as per objectives 1) and 2) above (see Figure 3 ).
Using biological survey coverage as a measure of spatial uncertainty
Paralleling the approach to assessing the environmental coverage of reserves, we evaluated the representativeness of the terrestrial or wetland survey sites as a continuous fraction of the Pilbara's total area, again scaled by the GDM model predictions of environmental similarity. This analysis yielded an estimate of relative survey density for the environment associated with every grid cell in the study area. These estimates were then used to indicate spatial uncertainty in the fi tted GDM, i.e. those parts of the environmental space across the Pilbara study area in which the reserve gap analysis will be least reliable.
Figure 4
Overall fi t of the fi nal GDM to the terrestrial fauna data with the logit link function applied -observed v. linear predictor (predicted ecological distance).
RESULTS
Terrestrial fauna GDM
The GDM model fi t, or observed versus predicted compositional dissimilarity, is presented in Figure  4 and the relative contribution of predictors in Figure 5 . Of the 77 candidate environmental variables (Appendix 1), 34 were retained in the fi nal GDM model ( Figure 5 , Appendix 2). Geographic distance was also found to be significant. The resulting model explained 46.1% of the deviance with an intercept of 0.29 and sum of predictor spline coeffi cients of 5.65, which is an indicator of the overall magnitude of compositional turnover predicted by the model. The partial contribution to the percent deviance explained for each predictor variable is shown in Appendix 2.
The four most important predictors contributing to compositional turnover of the terrestrial fauna ( Figure 5 ) were the fi rst principal component of surfi cial soil spectra (SOILspectra1), which mainly correlates with the distribution of highly weathered landscapes with soils that contain large amounts of hematite and which occur in association with kaolinite clay minerals (Viscarra Rossel and Chen 2011), percent abundance of illite clay minerals in the top soil (TopSOILillite), surfi cial soil clay content (SOILclay) and the area of woody vegetation cover (WOODYVEGcover). Overall, predictors associated with regolith appear to be the main contributors to explaining compositional turnover of terrestrial fauna in the Pilbara (3.12 points of overall 5.65 - Figure 5 ). Variance partitioning confirms that M.N. Lyons, A.H. Burbidge and G. Manion
Figure 5
Relative contribution (sum of all spline coeffi cient values) of each predictor in the fi nal GDM of terrestrial fauna patterns. Summed across the coeffi cients for each variable, the overall relative contribution of predictors in each group is: regolith -3.12, biotic and climate -1.32, hydrologic and landform -0.99, and geographic distance between site pairs -0.17 (see group defi nitions in Appendix 1).
Figure 6
Visualisation of compositional turnover of terrestrial fauna species in the Pilbara, based on multidimensional scaling of predicted similarity, such that similar colours are predicted to have similar biological composition. Survey locations (yellow circles) and subregion boundaries (black lines) are shown. Note that white areas are extrapolation masks.
landform/hydrologic variables contributes the most to compositional turnover in the Pilbara (12.1% independently and a further 34.5% in combination with other groups of variables) (Appendix 4B). The most important predictor is the third principal component of surfi cial soil spectra (SOILspectra3) representing soils with abundant amounts of smectite, a clay mineral which occurs primarily in low relief landscapes (Viscarra Rossel and Chen 2011). The fi rst principal component is also important (SOILspectra1, interpreted above for the terrestrial model). The soil texture particle class (or stoniness of the soil) also ranks highly as an influential predictor (SOILcoarse), followed by the valley fl oor fl atness landform predictor (VALLEYfl atness) and surfi cial soil clay content (SOILclay). The minimum monthly diurnal temperature range is also important (RngTEMPminM) and only marginally more so than MODIS-derived evapotranspiration (EVAPOTRANS). A classification of interpolated predicted compositional turnover within the wetland landscape provides a visual depiction of the fi tted model using the full colour spectrum to show areas that are relatively similar or different ( Figure 9 ). Areas th at fall well outside the range of the data used in the fi tted model, based on the extrapolation index, have been excluded from this analysis.
Representativeness of the conservation reserve network
The spatial representativeness of both the current reserve network in the Pilbara and the proposed future reserves (for 2015) for the terrestrial and wetland systems is shown in Figures 10a and b and 11a and b, respectively. The proportional representation of both terrestrial fau na and wetland biodiversit y i ncreased markedly when the proposed new reserves were included.
Biological survey coverage and spatial uncertainty
T h e s p at i a l d i s t r i b ut io n o f s a m pl i n g representativeness (from comprehensive to sparse) associated with the terrestrial and wetland GDM models is shown in Figures 12 and 13, respectively. In both cases the core study area is well represented. Towards the southern edge, the wetland representation declines, probably due to a combination of reduced sample density and the larger area of similar habitat. Note that the wetland surveys are mostly concentrated on the waterways, resulting in a more variable level of representativeness. These results were developed as supporting information about a component of spatial u ncertai nt y relevant to the interpretation of gaps in reserve representativeness.
regolith variables independently contribute the most to explaining patterns of compositional turnover in the Pilbara (15.1%) followed by landform/hydrologic variables (4.6%), then climatic/biotic variables (4.0%), and combinations with regolith largely contribute the remainder (Appendix 4A).
A classification of interpolated predicted compositional turnover of terrestrial fauna species provides a visual depiction of the fi tted model using the full colour spectrum to show areas that are relatively similar or different ( Figure 6 ). Areas that fall well outside the range of the data used in the fi tted model have been excluded from this analysis.
Wetland biodiversity GDM
The fi nal GDM model for wetland biodiversity explai ned 58.5% of the deviance with 31 environmental predictors retained in the model, and an intercept of 0.385 and sum of predictor spline coefficients of 7.85. Subsequent testing showed that geographic distance was not a signifi cant predictor. The partial contribution to the percent deviance explained for each predictor variable is shown in Appendix 3.
The fi t of the GDM model is shown in Figure  7 , and the relative contribution of predictors in Figure 8 . Again, regolith and landform appear to be more important predictors of compositional turnover of wetland biodiversity (5.61 points of overall 7.85) than regional climate or hydrologic variables (Figure 8 ). Variance partitioning also identifi ed that a combination of regolith/soil and
Figure 7
Overall fi t of the fi nal GDM to the wetland biodiversity data with the logit link function applied -observed v. linear predictor (predicted ecological distance).
Figure 8
Relative contribution (sum of all spline coeffi cient values) of each predictor in the fi nal GDM of wetland biodiversity patterns. Summed across the coeffi cients for each variable, the overall relative contribution of predictors in each group is: biotic and climate -2.11, hydrologic and landform -1.61, regolith -4.13 (see group defi nitions in Appendix 1).
Figure 9
Visualisation of compositional turnover of wetland biodiversity in the Pilbara, based on multi-dimensional scaling of predicted similarity, such that similar colours are predicted to have similar biological composition. Survey locations (yellow circles), subregion boundaries (black lines) and major rivers (blue lines) are shown. Note that white areas are extrapolation masks.
DISCUSSION
Rapid advances in spatially explicit modelling techniques, in combination with increased accessibility of environmental data derived from high-resolution remote-sensed imagery (e.g. Guerschman et al. 2009 ) and predictive soil mapping (e.g. Viscarra Rossel and Chen 2011), have considerably improved the ability to assess biodiversity patterns across large geographic areas. In particular, community-level modelling approaches permit an appraisal of collective properties of biodiversity, such as changes in species composition (either spatially or temporally), which can incorporate large numbers of species, including those that are rare (Ferrier 2002; Ferrier et al. 2002 Ferrier et al. , 2007 Arponen et al. 2008) . The alternative, modelling at the species level, usually necessitates the exclusion of rare species, or those that are diffi cult to detect, due to insufficient data for statistical modelling (Ferrier et al. 2007) . This means that a signifi cant component of the biodiversity is under-represented in conservation assessments. Here, we have taken advantage of recent developments, specifically using generalised dissimilarity modelling (GDM), to relate changes in the composition (or turnover) of terrestrial fauna and wetland biodiversity to environmental gradients across the Pilbara biogeographic region. The output of the GDM models also enabled us to assess gaps in both the biological survey and the representativeness of the Pilbara's conservation reserve system.
Patterns in compositional turnover of the terrestrial fauna
Patterns in turnover of the terrestrial fauna were most strongly related to environmental variables associated with regolith, followed by landform/ hydrologic and then climate/biotic. This result is generally consistent with taxon-specifi c analyses of individual species relationships and multivariate analyses of the Pilbara Biodiversity Survey data (Gibson and McKenzie 2009; Burbidge et al. 2010; Guthrie et al. 2010; Heterick et al. 2010; Pinder et al. 2010; Volschenk et al. 2010; Doughty et al. 2011) . Among the taxonomic groups examined in these analyses, beetle, scorpion, bird, reptile and ground-mammal patterns all showed strong relationships with soil attributes. Similarly, three of the four most strongly supported variables in the GDM model of the aggregated data are all associated with surfi cial soil characteristics. Gollan et al. (2009) also identifi ed soil parameters as important predictors in their study of invertebrate assemblages in the Pilbara, a relationship that has been shown in other arid areas as well (e.g. Bestelmeyer and Wiens 2001) . Strong associations between the small ground-dwelling mammal and reptile assemblages, with substrate type (i.e. sand-clay-rockiness) have likewise been shown both within the Pilbara (Gibson and McKenzie 2009, Doughty et al. 2011) and elsewhere (Woinarski et al. 1992; McKenzie et al. 2000b) . Among the climate variables retained in the GDM model, almost all were related to a rainfallsoil moisture gradient, and hence productivity. Similarly the three biotic variables retained in the model, which included the variable that made the fourth largest contribution (woody vegetation cover), are likely to be surrogates for habitat productivity. Climate variables were weakly supported in the taxon-specific analyses, although precipitation variables were shown to marginally influence both ant and spider composition at sub-regional level Heterick et al. 2010) . The landform variable that made the most contribution to the fi nal model was average topographic wetness which is likely to infl uence habitat productivity and relate to high woody vegetation cover that occurs along riparian zones, foot slopes and other water-gaining environments in the Pilbara. Dispersal capacity also appears to play a role in the compositional patterns of the terrestrial fauna as indicated by geographic distance between pairs of sample locations being retained in the GDM model.
The classification of predicted compositional similarity of the terrestrial fauna shows that similarity in faunal composition largely conforms to bioregional boundaries. It also shows a change in composition from the area immediately adjacent to the Pilbara coast to areas inland, but little turnover in composition from the south-west to the north-east of the Pilbara, i.e. from the Hamersley subregion to the Chichester subregion. The Fortescue and Roebourne subregions are both compositionally distinct. This is most clearly evident within the Fortescue subregion with a distinct community corresponding to the Fortescue Marsh. This large, low-lying, ephemeral wetland, and associated alluvial plains, is situated between the substantially more rugged and rocky Chichester subregion to the north-east and the Hamersley subregion to the south-west. Compositional change from coastal to inland areas corresponds with a difference in soils and landforms as well as in regional climate, particularly the much higher humidity along the coastal strip, and is refl ected by the variables retained in the GDM.
Patterns in compositional turnover of the wetland biodiversity
Turnover within the wetland biota was also strongly associated with regolith and landform, with seven climate, two hydrology and one biotic variable also included in the model. This result is consistent with the separate analyses of the major groups; aquatic invertebrates and riparian fl ora showed similar broad patterns and drivers. Pinder et al. (2010) , on analysing patterns in the distribution of aquatic invertebrates in the Figure 10b Spatial distribution of the representation of terrestrial fauna biodiversity in conservation areas in the Pilbara biogeographic region, based on the proposed conservation reserve estate for 2015 (2015 boundary). Dark brown equals low proportional representation, through to dark green which equals high proportional representation.
Figure 10a
Spatial distribution of the representation of terrestrial fauna biodiversity in conservation areas in the Pilbara biogeographic region, based on the 2011 conservation reserve estate (2011 boundary). Dark brown equals low proportional representation, through to dark green which equals high proportional representation. Note that the legend is shown in 10 classes for presentation but actual colouring and data are continuous.
Pilbara, reported that variables describing hydrology (permanence and fl ow), turbidity, water chemistry (especially ionic composition and alkalinity) and sediments were important. Lyons (2015) also found that soil texture and hydrological setting were strongly associated with riparian fl ora composition. It was intended that the spatial variables selected for modelling would act as surrogates for these known local infl uences. In general terms, regolith, landform and climate are likely to influence the physical and chemical attributes of wetland (including riparian) habitats through their effects on hydrology, sedimentation and controls on geomorphology (Allan and Johnson 1997; Molnar et al. 2002) . Four soil attributes were included in the six most important predictors in the fi nal GDM model. Two of these, one of which describes the stoniness of the soil and the other clay content, are likely to be associated with landscape infl uences on both turbidity and sedimentation of water bodies, and the composition of riparian soils. Two of the top-ranked variables in the model were soil spectra1 and 3, indicating weathered and depositional landscapes. Another soil variable, CALCRETE, which infl uences alkalinity, is also likely to be a cipher for certain wetland habitats, including springs and spring-fed pools, and soil potassium (also included in the model) is likely to be an indicator of clay sediments. Pinder et al. (2010) found that dissolved potassium was a signifi cant predictor of invertebrate composition.
The top-ranked landform variables in the fi nal model describing ridge top and valley fl oor fl atness, in combination with other topographic landform variables, are likely to influence hydrology (including permanence and fl ow) through water runoff and retention patterns. The ranking of MODIS-derived evapotranspiration in the top seven most important variables is not surprising, given that the generation of this variable includes a term that implicitly represents precipitation interception losses and a remote-sensing index of surface moisture (Guerschman et al. 2009 ), and therefore a surrogate for water permanence. Other climate variables in the model, including measures of dry and wet season moisture, are also likely to refl ect aspects of hydrological regime. Pinder et al. (2010) suggested that climate variables were acting as surrogates for landscape position, but the retention of both landform and climate variables in the wetland model suggests that these also have signifi cant independent effects (as demonstrated by the variable partitioning results in Appendix 4B).
Salinity has been found to be a major driver of the composition of aquatic invertebrate communities (Pinder et al. 2005) . Water table salinity was a minor variable in the model and may have been an indicator of surface water salinity at a few sites (although most sites were fresh) or this may have acted as a surrogate for less obvious aspects of landscape context (e.g. saline groundwater below the Fortescue Marsh). The minor effect of salinity in the GDM may also be attributed to its relatively coarse resolution, derived from national data compiled by the Bureau of Meteorology (2010).
Two of the six customised indices generated for the wetland biodiversity modelling were retained in the GDM (distance to drainage lines and to water points). Distance to drainage lines is probably a surrogate for channel v. off-channel wetlands (such as claypans which have a very different biota from river pools and springs). Distance to water bodies may indicate something about wetland size since it is mostly larger water bodies that are mapped. Unlike the terrestrial fauna, geographic distance between sites did not influence compositional turnover of this group, which is not surprising given that dispersal is partly determined by river network confi guration and catchment topography (Morán-Ordóñez et al. in press) and that major fl oods are likely to have a homogenising effect within rivers (Thomaz et al. 2007) .
The dominant spatial transition in wetland composition predicted by the GDM is south-east to north-west, separating the Hamersley Range, upper Fortescue River and upper Oakover River in the south and east (shades of green in Figure 9 ) from the Chichester and Roebourne Plains regions (brown/grey/purple). The centre of the saline and episodically fl ooded Fortescue Marsh, which lies near the boundary of these two zones, was largely excluded from Figure 9 due to under-sampling of this wetland type, but the model predicted that its fringes, which were sampled during the survey, support a biota unlikely to be replicated elsewhere in the region. The model also indicates that the broad alluvial landscapes south of, and upstream from, the marsh (blue/purple areas) support unique biotas within this southern area, but have biotas similar to fl oodplains associated with the Lower Oakover and De Grey rivers, parts of the eastern Roebourne Plains and the lower Ashburton south of Onslow (also purple in Figure 9 ).
The sharp change in predicted composition between the upper Fortescue valley (including the marsh) and the lower Fortescue refl ects the very different wetland habitats above and below the Goodiarie Hills that isolate the upper and lower parts of this valley. The model also predicts that the Millstream area of the Fortescue River, with deep permanent pools and groundwater-fed springs, has a distinctive, unique biota and this is supported by Pinder et al. (2010) and Lyons (2015) .
The model suggests that coastal parts of the study area have greater heterogeneity in composition than more inland areas. The model identifi ed two small areas that may have distinct wetland biotas but which were not sampled. These are where the Hardey and Ashburton rivers meet to form a semiconfi ned fl oodplain with anabranching channels and areas upstream of the Oakover-Yilgalong confl uence (both coloured rusty red in Figure 11 ). Finally, some unsampled areas east of the Pilbara (east of the lower De Grey and middle Oakover rivers) were predicted to be compositionally dissimilar to areas surveyed within the Pilbara, whereas there was little evidence of such transitions south and south-east of the Pilbara.
Variable selection strategy and model fi t
While the increased availability of spatial environmental variables is advantageous, there is an associated problem of deciding which variables should be included in the model-building process. This is particularly a problem if the ratio of the number of environmental variables to sample size of the data set is large, as this may result in an over-fi tted model, and reduce the accuracy of extrapolation into areas not sampled. Here, we followed the approach of Williams et al. (2010b Williams et al. ( , 2012 to first reduce the candidate variable set (by applying an ecological framework), and then apply a pruning procedure to remove correlated predictors that contributed little or nothing to the fi nal fi tted model -a trade-off between parsimony in the number of predictors included and reduced deviance explained following successive removal of predictors. We also explicitly mapped areas of extrapolation arising from the fi tted model. Thus, of the 77 candidate predictors available, 34 were retained in the terrestrial model and 31 in the wetland model. The deviance in turnover explained by these models (46.1% and 58.5% respectively) is comparable to, or greater than, those for various taxonomic groups modelled at the continental scale (15-52%) reported by Williams et al. (2010a) . Other studies of compositional turnover report a deviance explained of 16.3% for freshwater fi sh, 18.5% for macroinvertebrates (Leathwick et al. 2011) , 21.8% for Neotropical phytophagous arthropods (Bell et al. 2013) , 40.9% for the ant genera of North America (Fitzpatrick et al. 2011 ) and 57% for land snails of New Zealand (Overton et al. 2009 ).
The level of unexplained variation in all these studies suggests that there are important factors infl uencing compositional patterns missing from the models. Such factors may relate to historical biogeography, competitive niche-differentiation and disturbance heterogeneity (Urban 2004; Armstrong 2005; Leibold et al. 2004 Leibold et al. , 2010 , and other metacommunity processes that are diffi cult to capture with readily available spatial attributes (e.g. McKenzie and Bullen 2012). In addition, the poorer resolution of spatial predictors compared with actual processes infl uencing compositional turnover locally will limit predictive accuracy. The latter effect can be investigated where detailed physio-chemical analysis of site context data are collected along with the biotic observations. A GDM fi tted using site context data and compared with spatial predictors may reveal how the two data sources provide complementary information. Geographic distance may be a reasonable surrogate for historical biogeography, and other missing or poorly represented factors, but our approach of using Euclidian distance between sample locations could be improved by deriving a measure using least cost paths which may account better for barriers to dispersal (e.g. Thomassen et al. 2011) . Recent analyses by Morán-Ordóñez et al. (in press) suggest that the inclusion of landscape resistance distances informed by riverine and catchment topography may provide some extra power to the wetland model.
Additionally, as fire is a feature of Pilbara landscapes, and is likely to greatly influence patterns in compositional turnover of the terrestrial fauna (and the wetland biota to a degree), the inclusion of variables that estimate either directly or indirectly both the spatial and temporal patterns of fire, and fire intensity, is likely to improve the explanatory capacity of the GDM models. Patterns of vegetation coverage may provide some indication of the fi re regime. As most of the Pilbara is under pastoral lease, a further disturbance factor likely to be unaccounted for in our models is grazing by domestic and feral herbivores. While we endeavoured to select survey sites in habitat patches that were the least disturbed, some level of disturbance was unavoidable at both terrestrial and wetland sites. Differential grazing pressure may be detected in indices of vegetation cover, and may partly explain the importance of woody vegetation cover as a predictor of compositional patterns in the terrestrial fauna.
Adequacy of the reserve system and gaps in the survey
Only about 8.5% of the Pilbara region is currently within conservation reserves, and most of this area falls within just fi ve reserves: Karijini National Park, Millstream-Chichester National Park, Mungaroona Nature Reserve, Meentheena Conservation Park and Cane River Conservation Park (McKenzie et al. 2009 ) (in 2011, including former pastoral leases held by Parks and Wildlife). Consequently, even though these reserves are reasonably large (combined area is 1,345,000 ha), they are unlikely to capture the biodiversity of the Pilbara adequately. This lack of adequacy is supported by the spatial distribution of the representation of terrestrial fauna and wetland biodiversity in existing conservation reserves in the Pilbara (Figures 10a and 11a) . Figure 10a indicates that the terrestrial fauna diversity of the rugged Hamersley and southwestern Chichester subregions is reasonably well represented in the reserve system, with the Pilbara's two large national parks (i.e. Karijini and Millstream-Chichester) and Mungaroona Nature Reserve, located in this area. While there is a conservation park (Meentheena) in the east of the Chichester subregion, there is a clear gap in the northern section of the subregion, extending from the coast to 100 km inland. With the exception of very small sections of Cane River Nature Reserve (in the far west of the Pilbara) and MillstreamChichester National Park, there is currently no land reserved for conservation within the Roebourne subregion along the Pilbara coast. There are also no conservation reserves within the Fortescue River catchment of the Fortescue Plains subregion. While these subregions are small in area in comparison to the Chichester and Hamersley subregions (which combined cover about 80% of the region), the pattern of terrestrial fauna diversity in these areas appears to be poorly represented. With the addition of the proposed conservation reserves (Figure  10b) , however, the proportional representation of terrestrial fauna increases considerably, even though the actual additional area of land proposed for reservation is small (ca. 4 × 10 5 ha). The improvement is the result of one new reserve within the Fortescue subregion, and another in the Roebourne subregion, although the gap in the northern Pilbara remains.
A similar pattern to that of the terrestrial fauna was observed for representation of wetland biodiversity within the conservation reserve system of the Pilbara (Figure 11a) . Again, based on the GDM predictions, the middle to upper Fortescue River valley (Fortescue subregion) and the coastal regions of the Pilbara (Roebourne subregion) are landscape types poorly represented within the 2011 conservation estate. Fortescue Marsh represents a unique landscape type not currently represented in the reserve system at all, as indicated by its redbrown colour in Figure 11a . The eastern parts of the Hamersley subregion are better represented than the western parts and the Chichester subregion, while the northern and central parts of the latter are the least represented of the upland areas. Including the proposed 2015 additions ( Figure  11b ) substantially improves the representation of wetland biodiversity, probably even more so than for the terrestrial fauna. Fortescue Marsh becomes very well represented and there is an improvement in representation for the Hamersley and Chichester subregions. Remaining gaps include wetlands within the Fortescue subregion (other than Fortescue Marsh), as well as wetlands in the Roebourne subregion and the northern slopes of the Chichester Range.
T he predict ive acc u rac y of pat ter n s i n compositional turnover depends on the coverage of sample points across the region of interest, and how well they represent the variation in environmental gradients. Here, for the terrestrial fauna, we observed good coverage of a large proportion of the study area, with the southern margin and southeastern portions of the Pilbara the most poorly represented by the sample points. The inland extremity of the Fortescue subregion appears to be the largest gap in the biological survey, an area that coincides with a gap in the reserve system identifi ed above. Similarly, gaps in survey coverage evident in the northern section of the Chichester subregion also reduce confi dence in our observation that biodiversity in this area is poorly represented by the current reserve system. These areas are likely to benefi t from further survey to verify the predictions. A comprehensive assessment of biological survey gaps using methods more specifi c to this evaluation (e.g. Funk et al. 2005) can be used to guide the placement of future surveys.
Given that most wetland habitats are within river channels and their associated fl oodplains, most catchments were well represented by the wetland biological survey locations. Exceptions might be the Ashburton River and its tributaries draining the southern slopes of the eastern Hamersley Range. Ephemeral, low-order streams were diffi cult to include in the survey due to their short, unpredictable hydroperiods. Such streams dominate in the highest upland areas shown as poorly represented by the sampled locations.
Limitations and future work
The Pilbara Biodiversity Survey compositional turnover models aimed to account for natural variation in biodiversity; however, some of the observed variation could be due to spatially varying disturbance regimes due to land use and management practices. In the absence of spatial data directly representing disturbance regimes (e.g. fi re and herbivore grazing) we could not assess these effects in the model, nor use information about the condition of those areas in assessing the representativeness of the reserve system. To use this information effectively in biodiversity models and conservation assessments, further work is needed to distinguish natural cycles of disturbance from disturbances driven by human land use.
This analysis addresses the pattern of biological representativeness but does not address adequacy. For example, connectivity, meta-community viability and habitat condition are all important considerations in making decisions about which areas among available candidates are the best options for biodiversity conservation. These considerations, along with trade-offs related to other socioeconomic benefi ts, require more detailed and consultative assessments. The result of this analysis provides initial guidance as to where further biological survey may benefit decisions about the conservation of biodiversity in a network of reserves for the Pilbara. Analyses to specifi cally address biological survey gaps and systematic identification of new areas for survey can be developed using the approach described by Funk et al. (2005) combined with the outputs of GDM as proposed by Ferrier (2002) , and demonstrated in Bell et al. (2014) .
Consideration of other factors that are known to infl uence patterns in community composition, such as interspecific competition and historical biogeography, is likely to increase the proportion of variation explained by the GDM models. As discussed above, the inclusion of spatial environmental variables that better represent the compositional turnover of the groups considered here, such as fi ner resolution climatic data, and more proximal variables describing soil and hydrology processes, is also likely to increase the variation explained by the models. Moreover, our approach of aggregating the data, which includes a diverse range of taxonomic groups, may downplay the importance of variables infl uencing turnover specifi c to a taxonomic group.
A GDM model of the compositional turnover of vascular plants in the Pilbara will complement that of the terrestrial fauna and wetland biodiversity models and help to improve the assessment of gaps in the reserve system.
APPENDIX 1
Environmental data compiled for GDM analysis of Pilbara Biodiversity Survey data.
For the Pilbara region analysis, we targeted the collation of spatial environmental data describing facets of the climate, regolith, landform, hydrology and biological habitats, or their proxies (see Appendix 1A). Ordinal or continuous variables with consistent spatial dimensions are required for GDM. Minor differences in spatial extent and data/ no-data areas were fi lled using focal-mean or focalmajority algorithms for continuous and ordinal variables respectively, using ArcGIS software (ESRI 2011).
Climate
Long-term (30 years, 1975 -2005 ) monthly variation in climate was derived from ANUCLIM v6.1 (Xu and Hutchinson 2011) using version 3 of the 9 second (9sec) digital elevation model (DEM) for Australia (Hutchinson et al. 2008) . Indices of annual and seasonal variation in a range of climatic variables were subsequently derived. Vapour pressure defi cit was derived using monthly dew point temperature, and wet and dry bulb temperatures based on the equations outlined in Allen et al. (1998) . The psychrometric data method was used to estimate actual vapour pressure from gridded values of atmospheric pressure based on altitude from the DEM. For relative humidity we adopted the equation used by the Australian Bureau of Meteorology (Abbott and Tabony 1985) .
These climatic variables characterise general patterns of seasonal wetting and drying but lack detail about inter-annual variability. This variability, combined with the sparse distribution of weather stations throughout the Pilbara, limits the accuracy of the climatic signal and its correlation with patterns of regional variation in the biota. As such, two indirect locationbased predictors were included as proxies for unexplained variation correlated with climateEuclidean distance from coast and elevation. The elevation data were sourced from the 3 second (3sec) DEM for Australia which is a derivative of the 1 second (1sec) DEM (Gallant and Read 2009; Gallant 2011; Geoscience Australia and CSIRO Land and Water 2011) . The elevation mean and range within each 9sec grid were compiled as candidates for explaining regional to local elevation heterogeneity.
We also included a remotely sensed variable of evapotranspiration derived from MODISderived potential evapotranspiration (Guerschman et al. 2009 ) to characterise variation due to the interaction among climate, landform and vegetation patterns.
Regolith
Because spatial data describing soils is limited in resolution, a wide range of candidate variables that are potentially correlated with patterns in soil variability at the site level were compiled. These variables fall into four classes: 1) attributes derived from soil maps; 2) models of soil properties; 3) attributes derived from geology maps; and 4) geophysics variables such as radiometric data.
Two sources of attributes from soil maps were available; one set was based on an interpretation of the Atlas of Australian Soils (McKenzie and Hook 1992; McKenzie et al. 2000a; Western and McKenzie 2004) , and another set based on a composite of best available soil maps (McKenzie et al. 2005; Jacquier 2011a, b, c, d) , available through the Australian Soil Resource Information System (http://www.asris. csiro.au/themes/NationalGrids.html). Where these attributes represent the same property, the more recent set based on the best composite of maps was used, even though map boundaries may infl uence the spatial appearance of the prediction.
Variation in surface geology for Australia was compiled by Geoscience Australia from 1:250,000 source data (Liu et al. 2006; Raymond et al. 2007a, b, c; Whitaker et al. 2007 Whitaker et al. , 2008 Stewart et al. 2008) . However, only two attributes are currently available in continuous or ordinal form -inherent rock fertility (De Vries 2009) and geological age based on the timescales database (Laurie et al. 2008 ) compiled by Williams et al. (2010a, b) at 0.01 resolution.
Digital soil mapping is a rapidly developing fi eld of science (McBratney et al. 2003 ) and a number of modelled soil properties are becoming available nationally with potential application in ecology (e.g. Viscarra Rossel et al. 2010a, b; Viscarra Rossel and Chen 2011; Viscarra Rossel 2011; Gray et al. 2012; Wilford 2012) . We explored the potential predictive utility of several of these modelled soil properties for the first time -weathering intensity index (Wilford 2012); three principal components of soil colours (Viscarra Rossel et al. 2010b ) and three clay minerals (Viscarra Rossel 2011) at two soil depth profi les -0 to 20 cm and 60 to 80 cm.
Radiometric or gamma-ray spectrometry data is another potential source of information about the structure and composition of the top 30 to 40 cm of the land surface. All rocks and soils contain radioactive isotopes, and almost all the gammarays detected near the Earth's surface are the result of the natural radioactive decay of potassium, uranium and thorium. Changes in lithology, or soil type, are often accompanied by changes in the concentrations of radio-elements and may also indicate mineral deposits. Potassium, uranium and thorium behave quite differently from one another during weathering and pedogenesis and in combination with digital terrain data can be used to define regolith properties such as weathering intensity (Wilford 2012). Quantitative soil characterisation based on radiometric data is an area of continuing research (Beckett 2003 (Beckett , 2007 . We obtained the 2010 edition of the radiometric map of Australia dataset (Geoscience Australia 2010). This dataset comprises grids of potassium (K), uranium (U) and thorium (Th) element concentrations, and derivatives of these grids, that were derived by seamlessly merging over 550 airborne gamma-ray spectrometric surveys in the national radioelement database (Percival 2010 ) using the method described by Minty et al. (2009) . The original survey grids were levelled and then re-sampled, using minimum curvature (Briggs 1974) , onto the Radiometric Map of Australia Grids with a cell size of about 100 m (0.001 degrees).
Landform
Variation in topography and landform can be captured by indices derived from digital terrain models (Wilson and Gallant 2000) . Gallant and co-workers have been generating terrain indices based on the 1sec DEM for Australia (Geoscience Australia and CSIRO Land and Water 2010) . These indices vary in complexity from simple, such as slope (Gallant et al. 2011c) , relief (Gallant et al. 2011f) and elevation diversity (Gallant et al. 2011a) , to more complex algorithms such as topographic wetness indices (Gallant et al. 2011g ) based on contributing area (Gallant et al. 2011b ) and landform shape (Gallant et al. 2011d; Gallant et al. 2011e) . Classes of topographic position commonly observed in the fi eld (Speight 2009 ) also can be interpreted from a DEM (Gallant and Austin 2012) or derived using multi-resolution methods (Gallant and Dowling 2003) . We compiled a few of the available indices describing landform diversity from existing datasets derived from different resolution DEMs, all of which are consistent with our 9sec analysis resolution.
Vegetation
Indices of vegetation greenness or fPAR (fraction of photosynthetically active radiation intercepted by the sunlit canopy) based on time series of normalised-difference vegetation index (NDVI) values from the NASA MODIS 16-day L3 Global 250 m (MOD13Q1) satellite imagery were available for use in this study (Berry et al. 2007; Mackey et al. 2012) . 
Hydrologic
Additional spatial environmental indices related to landform were developed to describe the wetland environments of the Pilbara region. We approached this by fi rst developing an ecological rationale for why particular attributes of the environment may be important based on scientifi c understanding of aquatic systems in the Pilbara region (Appendix 1B). Indices subsequently derived from available data sources are described in Appendix 1A, additional to other variables (described above). The distinction between riverine and non-riverine systems is critical to the composition of the biota. This information is available from river and water body mapping.
Water body permanence Water body permanence in rivers and non-rivers has a strong infl uence on fauna and at the ephemeral/seasonal end of the temporal scale on plants. This requires sequential remote sensing data to verify the proportion of winters (dry season) with water present.
Water body turbidity Turbidity has a strong infl uence on biotic composition. In the absence of a specifi c layer, a surrogate could be derived from regolith and terrain attributes in the vicinity of the wetland/river (low rockiness, high clay content, fl atness).
Regolith and terrain features associated with water and riparian zone The gradient of the valley fl oor infl uences the formation of waterholes and pools. This indicator is derived from altitudinal differences between points along the valley fl oor, i.e. what is altitudinal difference between a point along the valley fl oor and another point 1 km downstream.
Slope perpendicular to valley bottom
The steepness of the sides of the river valleys infl uences the character of waterholes and pools. This could be derived as the slope from the valley fl oor to the nearest maximum altitude perpendicular to the river channel, or the average slope over a fi xed distance (e.g. 200 m), perpendicular to the river channel.
Channel width An indicator of the volume of habitat available.
River channel shape Deeper pools tend to be at bends in the river where fl ows have eroded the bed against cliffs. Straighter sections of rivers tend to have more seasonal pools.
River discharge category Coastal or internal, size of contributing catchment.
Vegetation density in riparian zone
The presence of dense vegetation within/downstream of fi rst order creeks may indicate presence of springs. Diffi cult to separate springs from creeks using other variables. At other positions in the landscape it will be indicating the gallery forest of riparian zones of big river pools with its role in shading and carbon inputs.
Climate
Climate broadly infl uences the region through annual and seasonal rainfall indices and temperature during the wet and dry seasons.
APPENDIX 1B
General rationale used to target the development of environmental indices relevant to aquatic systems in the Pilbara region.
APPENDIX 2
Partial importance of the 34 predictors included in the GDM model of terrestrial fauna determined by successively removing and then replacing each predictor in the model. Relative contribution to the model is shown for the partial % deviance explained and for compositional turnover is the partial sum of coeffi cients for predictor variable splines. Predictors are sorted by group, then by the partial % deviance explained from largest to smallest. 
Predictor
APPENDIX 3
Partial importance of the 31 predictors included in the GDM model of wetland biodiversity determined by successively removing and then replacing each predictor in the model. Relative contribution to the model is shown for the partial % deviance explained and for compositional turnover is the partial sum of coeffi cients for predictor variable splines. Predictors are sorted by group, then by the partial % deviance explained from largest to smallest. Shared and independent contributions of the groups to explaining the deviance -developed using eulerAPE software by Micallef and Rodgers (2014) .
Predictor
